Improving the operational efficiency of wind turbines is an important way to enhance the competitiveness of wind power generation among new energy sources. This paper presents a new method for online monitoring and optimization of the operational efficiency of wind turbines. The randomness of the wind speed is analyzed in the form of wind speed variation using historical data, revealing the distribution pattern of wind speed randomness. The fluctuation amplitude of the output power of wind turbines is analyzed in the form of power variation under different wind speed modes. The level of active power is classified by quantiles based on historical data. The sliding window method is adopted to eliminate the jumping fluctuation of the efficiency level caused by the randomness of the wind speed. To identify and explain the reasons for the deviation of the operating efficiency, the benchmark values of operational parameters are obtained from historical operation data by data mining. The low operating efficiency level is adjusted according to the benchmark values of operating parameters. The model has been verified to effectively monitor the operating efficiency of wind turbines and provide operational optimization measures to improve efficiency.
I. INTRODUCTION
With the continuous growth of the installed capacity of wind turbines (WTs), improving their operational performance is important to reduce their operating costs [1] . However, improvement of wind turbine operating efficiency faces some challenges. Therefore, reasonable optimization of components and adjustment of operating parameters to improve operating efficiency and total power generation has been rapidly developed in the wind power industry [2] .
The most advanced techniques for improving wind turbine efficiency are blade optimization [3] - [5] , optimization of the layout of wind turbines [6] , [7] , and control algorithm optimization [8] . At present, some research results have been obtained by optimizing blades to improve operating efficiency. In the literature [3] , a method proposed based on searching the optimal deformation to optimize blade design can achieve an increment of 10% of the maximum power coefficient. Similarly, optimizing the wind turbine layout is The associate editor coordinating the review of this manuscript and approving it for publication was M. A. Hannan. an effective means of increasing the power generation capacity of wind farms. The literature [6] takes an offshore irregular boundary wind farm as an example to study the effectiveness of the grid and coordinate wind farm design method. The example shows that the coordinate method is the best choice to achieve the maximum power growth of 1.5-2% with the least computing time. However, while optimization of the blades and layout of wind turbines can effectively increase the operating efficiency of the wind turbine and the total output of a wind farm, the application of these methods is expensive for wind turbines that have been installed and operated.
For wind farms that are already operating, maximum power point tracking (MPPT) is a common approach to power optimization. Based on an analytical relationship between control parameters and power output, MPPT provides optimal control parameters for operation and enables wind turbines to operate at the maximum rate point. The literature [8] proposes a flexible MPPT control framework, which improves conversion efficiency and power smoothness performance by adaptive compensation of the torque reference value. However, to describe the analytical relationship between VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ control parameters and the power output, some simplified assumptions need to be made. There are obvious differences between a wind turbine test or simulation environment and actual operating conditions. Although the methods mentioned above can achieve the purpose of improving the operating efficiency of a wind turbine from different angles, considering the quasidetermination of technology and the popularity of the method, online monitoring and benchmark-based optimization can better meet the requirements of wind farm operators.
With the gradual maturation of online monitoring technology [9] , especially wireless sensor technology [10] , many operational monitoring devices have been proposed and developed. The literature [11] proposes a field wireless structural online health monitoring system based on acoustic emission technology to detect the structural health of the blades. Qiao and Lu [12] and Tautz-Weinert and Watson [13] conducted comprehensive reviews of wind turbine condition monitoring methods, while Liu et al. [14] and Antoniadou et al. [15] performed comprehensive reviews of wind turbine structural health monitoring methods. These methods are used mainly to detect gearbox faults [16] , [17] , blade faults [18] and main bearing faults [19] . However, the introduction of new technologies has brought about problems of installation difficulties and increased costs. Directly using the data generated by the large-scale wind turbine supervisory control and data acquisition (SCADA) to identify the real-time operating state of the wind turbine does not require suitable installation space and incurs no additional cost [13] . Many previous studies have also used SCADA for condition monitoring and structural health monitoring [13] , [20] . The above condition monitoring and structural health monitoring focus mainly on detecting whether an abnormality or malfunction occurs during operation. However, few studies have been done on online efficiency monitoring and optimization using this method.
Actual operating data for the wind turbine can objectively reflect the complex relationship between the power output and various uncertain factors. The interactive coupling relationship between wind turbine components or subsystems is extracted from the historical data of SCADA [21] by using data mining technology to avoid simplifying assumptions for wind turbines. Data mining technology explores implicit correlations among data by mining and analyzing target data. The application of data mining in relation to wind power is in a rapid development stage [22] - [24] . Cluster analysis and factor analysis are widely applied as important branches in data mining in industry [25] , medicine [26] and other fields.
The operational efficiency of a conventional wind turbine is assessed by the amount of active power and the total amount of electricity generated [27] . Due to the dynamic changes in environmental factors including wind speed and temperature, the active power is always in a state of dynamic change [28] , [29] . The standard power curve is considered a reference value to calculate real-time efficiency. This real-time efficiency can show real-time fluctuations in WT efficiency, but further research is needed to reflect the efficiency state of the system [30] . The standard active power corresponding to each wind speed is the same on the standard power curve. Therefore, the active power can evaluate the operating efficiency at a certain point, rather than over a period of time. Another method is to judge the operating efficiency by total power generation [31] , [32] . However, due to the randomness and discontinuity of the wind speed, the operating efficiency abnormality can be recognized only when the power generation amount deviates seriously from the normal range. Therefore, the total amount of electricity generated is suitable for evaluating the operating efficiency over a long period. Therefore, this paper proposes an online monitoring method for wind turbine operating efficiency based on quantiles and a sliding window to meet the needs of monitoring operating efficiency in a short time.
Based on the above analysis, this paper proposes an online operation optimization strategy by optimizing operating parameters. The strategy consists of two steps: identifying the operating efficiency level of the system and optimizing the operating parameters. Part II introduces the composition of the wind turbine operation optimization model including two parts: the online monitoring method of wind turbine based on quantiles and a sliding window and the theory of screening the benchmark value of wind turbine operating parameters based on factor-cluster analysis. Part III describes the data preprocessing method and the operating parameters related to the efficiency based on loss analysis. Part IV presents the results of online monitoring and the benchmark values of some parameters. Part V is the conclusion, including the importance of the model of operation optimization proposed in this paper in wind turbine monitoring and directions for future improvement.
II. MATERIALS AND METHODS

A. ONLINE MONITORING AND OPTIMIZATION MODEL OF WIND TURBINE OPERATION EFFICIENCY
The online monitoring and optimization of wind turbine operation efficiency proposed in this paper includes online monitoring of efficiency and selection of benchmark values. The system operation process is shown in Figure 1 . According to the relationship between the operating parameters and the active power in the historical data, the optimal values of the operating parameters at different wind speeds are extracted. There is a strong coupling relationship between the operating parameters. Simultaneous analysis of the relationship between multiple parameters and active power not only preserves the interrelationship between parameters but also avoids the construction of complex relational models. The benchmark values of operating parameters are obtained by the following three steps: first, the operating parameters related to the active power are extracted by loss analysis; then the dimension of the operating parameter array is reduced by factor analysis, and finally, the benchmark values of the operating parameters are obtained by cluster analysis. The advantage of using the clustering method is that since the benchmark values of the operating parameters are derived from historical data, they are all achievable values.
The wind turbine operation optimization model based on quantile and factor-cluster analysis in this paper is shown in Figure 2 . 
B. THE QUANTILE OF ACTIVE POWER
Through theoretical analysis of the change in wind speed, the increase in active power gradually increases as the wind speed increases. The range of wind speed is much smaller than the fluctuation range of the active power. Therefore, one wind speed value corresponds to a plurality of different active power values. The level of active power is classified by quantiles based on historical data.
Sample quantiles are closely related to sequential statistics. Suppose the samples p 1 , p 2 , p 3 , . . . , p n , are arranged from low to high according to their size, which is expressed as p (1) , p (2) (n) . Some values will be repeated if they appear multiple times. For a sample of size N , the sample quantile Q k/n is determined by p (k) . The active power data set corresponding to each wind speed is a sample set.
The active power level is divided by quantiles. Q 10 , Q 20 , Q 30 , Q 40 , Q 50 , Q 60 , Q 70 , Q 80 , and Q 90 are selected to divide the active power into 10 levels as 1-10. The real-time active power level (AL) is divided into ten levels by the quantiles.
C. THE SLIDING WINDOW
Random fluctuations in wind speed cause a sudden rise or fall in operational efficiency. The operating efficiency at multiple points is treated with a sliding window to reduce the impact of wind speed randomness on the accuracy of the evaluation system. When the inflow wind speed is less than the cut-in wind speed or close to the cut-in wind speed, the calculation of the efficiency is the ratio of the active power to the theoretical value. Therefore, the range of calculation results in this case is large, causing a sudden large fluctuation in operating efficiency.
The average operating efficiency (AOE) is defined to analyze the operating efficiency. AOE is the average of the efficiency levels within the sliding range, which represents the operation level during this period. A value of AOE greater than 5 indicates that the operation efficiency level is at an excellent level. A value of AOE less than 5 indicates that the deterioration of the operation state level requires intervention. The step size of the sliding window is set to n. AOE, the formula for calculating the efficiency level of the wind turbine in a period of time by using the sliding interval, can be written as:
Wind speed data are collected by the monitoring system in the form of discrete data. If the division step of the wind speed interval is 1 m/s, the quantile of the active power in the wind speed range of 4 m/s to 5 m/s is the same. If the interval of the wind speed interval is 0.1 m/s, the quantile of the active power in the wind speed range of 4.0 m/s to 4.1 m/s is the same. To improve the accuracy of the evaluation system operation efficiency, the step size is 0.1 m/s to divide the wind speed interval.
Since the WTs selected in this paper are located in a mountainous area, the maximum wind speed in the historical data is less than the cut-out wind speed. Therefore, the upper and lower limits of the wind speed interval are the cut-in wind speed and the maximum detected wind speed. Since the cutin wind speed is 2.5 m/s and the maximum wind speed is 13.69 m/s, the wind speed is divided into 115 intervals.
D. FACTOR ANALYSIS
The information on the operating parameters is highly overlapping and correlated, making the parameter estimation of the regression equation inaccurate or the model unusable. To eliminate collinearity, the simplest and most straightforward solution is to reduce the number of operating parameters, which results in loss of operational information. The application of factor analysis [33] can not only reduce the number of parameters but also retain the important information of the operating parameters.
1) CHECK REQUIREMENTS AND CONDUCT PRELIMINARY ANALYSES
The precondition of factor analysis is that there should be a strong correlation between the original variables. The adequacy of the correlation between variables is verified by the Kaiser-Meyer-Olkin (KMO) criterion and Bartlett's test of sphericity. Bartlett's test of sphericity starts with the correlation coefficient matrix of the original variable. Assuming that the correlation coefficient is the identity matrix, if the Bartlett's test value corresponding to the test is less than the given significance level A, the null hypothesis should be rejected and the original variable should be considered suitable for factor analysis.
2) EXTRACT THE FACTORS AND DETERMINE THEIR NUMBER
There are p operating parameters, which are x 1 , x 2 , x 3 . . . , x p . After standardization, the mean of the operating parameters is 0, and the standard deviation is 1. The operating parameters are represented by a linear combination of k(k < p) factors
is the factor load, that is, the contribution of the operating parameter i to the characteristic index j; ε is called a special factor; and the mean is 0.
The factor load matrix is generally solved by principal component analysis. The factor analysis uses the p eigenvalues of the principal component analysis results and the corresponding eigenvectors to calculate the factor load matrix. When calculating the factor load matrix, only the first k eigenvalues and feature quantities are selected. The size of k is determined by the cumulative variance contribution rate of the factors. The cumulative variance contribution rate of the first k factors is defined as:
The number of eigenvalues with cumulative variance contribution rate greater than 0.85 is the number k of factors.
3) COMPUTE THE FACTOR SCORES
The factor score function is F j :
where w j1 , w j2 , w j3 , . . . , w jp are the factor value coefficients between the j th factor and the 1, 2, 3, . . . , p original variables. The factor value coefficients are estimated using least squares regression, and the least squares of the regression coefficients in F j satisfy:
where W j = w j1 , w j2 , w j3 , . . . , w jp ; R is the correlation coefficient matrix of the original variable; S j = s 1j , s 2j , s 3j , . . . , s pj are the correlation coefficient between the first, second, third, . . ., p variables and the j th factor.
When the solution of each factor is orthogonal S j = A j = a 1j , a 2j , a 3j , . . . , a pj , a 1j , a 2j , a 3j , . . . , a pj are the first, second, third, . . ., p variables factor loading on the j th factor.
where R −1 is the inverse of the matrix of correlation coefficients.
E. CLUSTER ANALYSIS
As the number of WT operating years increases, the benchmark value of the operating parameters also changes with the aging of the system. Therefore, the benchmark value of the system operating parameters needs to be adjusted periodically during the operation. In view of the strong correlation of operating parameters, the benchmark value obtained from historical data can better solve this problem. Therefore, the k-means clustering algorithm is selected to obtain the benchmark value of the operating parameters. The steps of the k-means clustering algorithm are as follows: a) Specify the number of clusters M ; b) determine the M initial class center points; c) calculate the Euclidean distance from each sample to the center of K classes in turn, and assign all samples to M classifications according to the principle of shortest distance; d) redefine the center points of M classes by calculating the mean values of each variable in each class in turn, and take the mean points as the center points of M classes; and e) terminate the clustering when the maximum offset of the class center point is less than the specified value.
The data set is divided into M classes. Each class has a center point, which can best represent this kind of data. According to the wind speed, the WT operation is divided into different working conditions. Factor scores of each monitoring point are clustered to obtain the clustering center. According to the results of clustering, the clustering center with the maximum active power is taken as the reference value of operating parameters.
III. DATA PREPROCESSING A. DATA SOURCES AND INTRODUCTION
This paper takes WTs located in wind farms in Guizhou Province of China as the research object. The cut-in wind speed is 2.5 m/s, the rated wind speed is 9.2 m/s and the cut-out wind speed is 20 m/s. The fluctuation characteristics of wind speed are studied by using the historical data of SCADA. The SCADA system collects and records data at five-minute intervals. The SCADA data of each wind turbine include variables such as time stamp, working condition parameters, environmental parameters, and status parameters. The basic information of wind turbines is shown in Table 1 . Wind turbine #1 is the sample unit, and Wind Turbines #2 and #3 are the verification units. There was no abnormality during the operation of Wind Turbine #1 and #2. Wind Turbine #3 raised the alarm that the temperature of the generator drive terminal exceeded the threshold in late October. 
B. WIND SPEED CHARACTERISTICS
According to the principle of aerodynamics, there is a linear relationship between the active power and the cube of the wind speed. The characteristics of wind speed affect the magnitude and fluctuation of the output power [34] . Analysis of the characteristics of wind speed changes is necessary before analyzing changes in active power.
The characteristics of wind speed distribution affect the active power distribution and total power generation of a wind turbine. The frequency of wind speed near the cutin wind speed will affect startup and shutdown times. The distribution of wind speed in cut-in wind speed and cut-out wind speed affects total generating capacity. If the wind speed is greater than the cut-out wind speed, the wind turbine will stop running, affecting generation time and reliability of the system. Figure 3 (a) shows a scatter plot of wind speed varying with time in August 2017. The maximum wind speed shown in Figure 3 (a) is less than the cut-off wind speed. Therefore, in this paper, the maximum value of the wind speed interval is determined by analyzing the frequency distribution of wind speed. Figure 3(b) shows the frequency distribution of the wind speed, in which the wind speed interval is 0.5 m/s. The frequency of the wind speed is relatively high in each interval of 1.5 m/s-6.5 m/s, greater than 0.05, and the overall frequency of this interval is 0.79, indicating that the WT startstop frequency is higher.
The magnitude of the change in wind speed is random and continuous, resulting in a continuous change in power. Due to the limitation of storage space, the time interval for SCADA to record data is 5 minutes, so wind speed data recorded by SCADA are discrete. In studying wind speed fluctuations, wind speed is assumed to be instantaneously changed. The wind speed remained constant within five minutes and abruptly changed at the time of collection. The fluctuation of wind speed is that of this moment minus that of the previous moment.
Wind speed fluctuation can be expressed as: Table 2 .
Determination of the wind speed interval: Since the WT is situated in a mountainous area, the maximum wind speed is less than the cut-out wind speed, so the upper and lower limits of the wind speed interval are the cut-in wind speed and the maximum detected wind speed. The cut-in wind speed is 2.5 m/s, and the maximum wind speed monitored is 13.69 m/s, so the wind speed range is 2.5 m/s-14 m/s. Determination of the effective value of the wind speed fluctuation: According to the frequency distribution of the wind speed fluctuation in the historical data, the interval with a small frequency is excluded. For different types of WTs in different environments, the fluctuation range of the wind speed fluctuation interval l s and the interval step s of the wind speed is determined. According to the fluctuation characteristics of wind speed in 1.2, the interval l s of wind speed fluctuation is determined to be −1.5 m/s-1.5 m/s, and the step size s that divides the interval is 0.5 m/s.
C. ACTIVE POWER FLUCTUATION CHARACTERISTICS 1) ACTIVE POWER THEORETICAL FLUCTUATION
When the incoming wind speed is less than the rated wind speed, the wind speed fluctuation will cause the output power to fluctuate. Since the active power and the wind speed are not linear, but the 3 rd power relationship is in theory, the active power fluctuation caused by the same wind speed fluctuation is different. At different wind speeds, the value of the active power fluctuations caused by wind speed fluctuations is increased. Figure 5 shows the increase in active power induced by four wind speed fluctuation steps (0.1 m/s, 0.2 m/s, 0.5 m/s, 1 m/s) at different wind speeds.
Power fluctuation can be expressed as:
2) ACTUAL FLUCTUATION CHARACTERISTICS OF ACTIVE POWER
The theoretical and actual values of active power are inconsistent, and the actual and theoretical values of active power fluctuations are also inconsistent. Therefore, in addition to analyzing the distribution characteristics of active power fluctuations, it is also necessary to consider the influence of wind speed and wind speed fluctuation on the frequency distribution of active power fluctuations.
3) FREQUENCY DISTRIBUTION OF ACTIVE POWER FLUCTUATIONS
In normal operation, the time scatter plot of the output power is shown in Figure 6 (a), which shows the disorder of the output power. Figure 6 (b) clearly shows the fluctuation of active power. Relative to the range of active power (0-2100 kW), the range of active power fluctuations is much smaller, mainly concentrated in −500 kW-500 kW. Figure 7 shows that in the cycle of days, the median and mean values of active power are almost the same in different cycles, but the distance between the maximum and minimum of the box plot is extremely large. For example, the box line diagram maximum and minimum for July 1 are 11.26 and −10.87, respectively, and the maximum and minimum for the box plot on July 15 are 362.43 and −392.08, respectively. The sample data shown in Figure 4 (b) and Figure 7 are in days, and the dates are the same. Due to the different wind speeds, the range of maximum and minimum of the box-line diagram of wind speed fluctuation is roughly the same, but the active power fluctuations are different.
The frequency distribution of different power fluctuations is shown in Figure 8(a) . The frequencies in the power fluctuation ranges −50 kW-0 kW and 0 kW-50 kW are 0.23 and 0.25, respectively, which are much higher than those in other ranges. Excluding the power fluctuation interval with a frequency lower than 0.01, the frequency of the power fluctuation interval between −300 kW and 350 kW is 97.33%. Figure 8 (b) analyzes the distribution of power change in -100 kW -100 kW data to explore the reasons for the formation of high probability. The probability of interval −10 kW-0 kW and 0 kW-10 kW is higher, which is different from other intervals, resulting in the emergence of high probability intervals. Figure 9 (a) shows a scatter plot of active power fluctuations and wind speed fluctuations. There are two trends in the relationship between wind speed fluctuation and active power fluctuation. One trend is that the power fluctuation is almost zero when the wind speed changes; the other trend is that the amount of power change is positively correlated with the amount of wind speed change. When the incoming wind speed is greater than the rated wind speed but less than the cut-out wind speed, the amount of power change is almost equal to zero. When the incoming wind speed is less than the rated wind speed, the fluctuation of the active power shows different fluctuation ranges as the wind speed changes. The randomness of wind speed induces uncertainty in the magnitude of active power fluctuations. Figure 9 Figure 10(a) shows the corresponding relationship between wind speed and the variation of active power through scatter plots. The distribution of wind speed, wind speed fluctuation and active power fluctuation is depicted by the mapping method. In different wind speed ranges, the frequency of active power fluctuation and the power fluctuation composition of the frequency are shown in FIGURE Figure 10(b) . In the wind speed range of 2 m/s-5 m/s, the range of active power fluctuation is mainly composed of two parts:
−50 kW-0 kW and 0 kW-50 kW, caused by the active power of the wind turbines being relatively small when the wind speed is low. With the increase of wind speed, the increase range of active power includes various power fluctuation ranges.
Determination of the active power fluctuation interval: According to the frequency distribution of the active power fluctuation in the historical data, the interval with a small frequency is excluded. The interval l a of the active power fluctuation is determined to be −300 kW to 350 kW.
Determination of the effective value of active power fluctuation: If the active power fluctuation of the monitoring point is within the l a range, the fluctuation of the monitoring point is the effective value.
D. LOSS ANALYSIS
The process of converting wind energy into electrical energy in a WT is as follows: First, the wind energy is converted into mechanical energy by the WT; then the mechanical energy is transmitted through the gearbox, and finally, the mechanical energy is converted into electrical energy by the generator. The components of the WT are the impeller system, the transmission system and the generator system, depending on the flow of energy during operation. The operating parameters are obtained by analyzing the mechanism of energy loss in these three links.
1) LOSS ANALYSIS OF IMPELLER SYSTEM
The power P WR generated by the wind wheel can be expressed as:
where λ is the tip speed ratio; is the pitch angle; ω is the rotational angular velocity; n is the rotational speed; and R is the radius. The energy conversion process in the process of wind wheel transmission is analyzed. The main factors affecting the efficiency of the wind wheel are the wind speed, the impeller speed and the pitch angle. Therefore, the wind speed, impeller speed and pitch angle are selected as operating parameters that affect the efficiency of the impeller system.
2) LOSS ANALYSIS OF TRANSMISSION
Gearbox power losses [35] include mainly oil loss, gear mesh loss and bearing friction loss.
The oil loss coefficient ϕ y Y can be expressed as: 3 2 10 6 P in (11) where b is the tooth width; h is the immersion depth; P in is the input power; and v is the rotational speed. The gear meshing loss P m can be expressed as:
where F n is the tooth surface normal load; µ is the friction coefficient; and v s is the sliding speed of the gear meshing point.
Bearing friction loss w b can be expressed as:
where F n is the tooth surface normal load; µ is the friction coefficient; v s is the sliding speed of the gear meshing point; K B is the parameter related to the weight of the rotor, the diameter of the shaft and the rotational speed; and ω m is the angular velocity of the bearing. Through the loss analysis of the main drive system, the gearbox speed and gearbox load are factors that affect the transmission efficiency. The WT is subjected to normal loads and impact loads during operation, but the real-time monitoring of the load is still in the research stage. At the same time, the sliding speed v s of the gear meshing point is difficult to obtain by general calculation. Therefore, the gearbox bearing temperature is selected. The working parameter affecting the efficiency of the transmission system, the gearbox oil temperature, is also selected.
3) LOSS ANALYSIS OF GENERATOR SYSTEM
The energy loss inside the generator can be divided into two types. The first type is the copper loss due to the presence of resistance when current flows through the winding. The second type is the iron loss generated in the iron core due to the presence of an alternating magnetic field.
The stator copper consumption P Cu1 can be expressed as:
The rotor copper consumption P Cu2 can be expressed as:
The stray loss P S can be expressed as:
The stator iron loss P Fe can be expressed as:
where I 1 is the stator current effective value; I 2 is the rotor current effective value; R 1 is the stator phase resistance; R 2 is VOLUME 7, 2019 the rotor phase resistance; and P T 1 and P C1 are the WT iron loss of the stator teeth and the stator yoke. Through the loss analysis of the generator, the generator speed, stator current, rotor current, magnetic induction and magnetic field alternating frequency are the factors that affect the efficiency. Therefore, the grid voltage, grid current, generator bearing temperature, grid frequency, generator stator winding temperature, and generator speed are selected as operating parameters for the efficiency of the doubly fed generator.
By analyzing the energy loss during operation, the factors and operating parameters affecting the efficiency are finally obtained ( Table 3 ). 
IV. RESULTS
A. THE BENCHMARK VALUES OF OPERATION PARAMETERS
When M = 4, the square error criterion function was the smallest, and the four cluster centers were obtained as shown in Table 4 . The operating parameters corresponding to the cluster center are the benchmark values of the operating parameters at 5 m/s to 6 m/s wind speed. The benchmark values of some operating parameters from 5 m/s to 6 m/s are shown in Table 5 . Table 5 shows the benchmark values of some operating parameters in the wind speed ranges from 5 m/s to 6 m/s, and then the benchmark value of the running parameters over the entire wind speed range is obtained by factor-cluster method. With the change of wind speed, the benchmark value of different operating parameters changes. When the operating parameters deviate from the benchmark value in a short time or only a few time points, the operating efficiency of the wind turbines may change in a variety of possibilities. However, when the AOE of the wind turbine decreases, it indicates that the operating parameters deviate from the benchmark value. By analyzing wind speed and operating parameters, when the AOE of the wind turbine appears to show a downward trend due to deviation from the benchmark value of operating parameters, it is necessary to adjust the operating parameters based on the benchmark value.
This paper shows the benchmark value of the front end of the gearbox high-speed bearing in the entire wind speed range as shown in Table 6 . 
B. RESULTS OF ONLINE MONITORING OF OPERATIONAL EFFICIENCY
The operational efficiency of Wind Turbine #2 and Wind Turbine #3 is monitored online with the method proposed in this paper, and the results are shown in Figure 11 and Figure 12 . The fluctuation range of AL is large, and the AOE obtained by the sliding window processing is much smoother, making it easier to observe the trend of operation efficiency.
In the monitoring interval, the average AOE of Wind Turbine #2 is 6.5; the average AOE of Wind Turbine #3 is 5.2. The operating efficiency of Wind Turbine #2 is better than Wind Turbine #3, whose generating capacity is 73.73% of Wind Turbine #2.
Within 1000 time points, Wind Turbine #2 experienced two significant decreases in operating efficiency, which made AOE lower than 5. Wind Turbine #3 has experienced four times of significant decline in operating efficiency. By analyzing the wind speed and operating parameters of Wind Turbine #2, we find that the reason for the decline of Wind Turbine #2 AOE in the time period of 324-403 was that the wind speed fluctuated greatly, resulting in a rise in the temperature of the generator bearing. By adjusting the operating parameters of Wind Turbine #2 at 392 time points, AOE began to rise at 404 time points, and AOE reached 5 near 418 time points. By analyzing Wind Turbine #3 wind speed and operating parameters, we found that the decrease of Wind Turbine #3 AOE in the time periods of 124-185, 217-250 and 737-773 was caused mainly by multiple operating parameters deviating from the benchmark value. At the time point 773, when the AOE of Wind Turbine #3 dropped to 5, the operating parameters were adjusted based on the benchmark value. AOE began to rise at time point 784 and reached 5.08 at time point 804.
V. CONCLUSION
To monitor and optimize the operational efficiency online, an online monitoring and benchmark value model for wind turbines based on quantile and factor-cluster analysis is proposed, and the model is verified to be of high accuracy and generalization through online monitoring. The analysis of wind speed fluctuation and power fluctuation in this paper accurately determines the effective value of the wind speed and power during the operation and eliminates the interference of abnormal values. The combination of factor analysis and cluster analysis avoids the computational complexity caused by high-dimensional data and improves the accuracy of calculation. To accurately identify the reasons for the decline in operating efficiency and consider the strong coupling of operating parameters, the clustering method is adopted to screen out the benchmark values of operating parameters.
The operation efficiency of Wind Turbine #2 is in an excellent state on the whole. There is a brief deterioration in the operating efficiency of Wind Turbine #2. The reason for this deterioration is that the wind speed fluctuates greatly during this period, resulting in a brief rise in the temperature of the generator bearing. The operating efficiency of Wind Turbine #3 is poor during the entire runtime, and it needs to be optimized and adjusted. After optimizing the operating parameters using the benchmark value method, the AOE of Wind Turbine #3 is maintained at a level above 5.
In online monitoring and optimizing operation efficiency, the model can identify the time point of operation efficiency decline and the operation parameters that lead to the decline of operation efficiency, but the specific reasons need to be explored further. In the future, better functionality can be extended to ensure optimal results in terms of accuracy and parameter impact on power.
